Purpose -Shadows, the common phenomena in most outdoor scenes, bring many problems in practical image processing. Shadow detection and removal, especial in uncalibrated outdoor image, is still a difficult problem. The purpose of this paper is to detect and to remove shadows in single outdoor image based on retinex theory. Design/methodology/approach -The shadow extraction algorithm originates from a simple idea that the human-vision-based retinex has the natural ability to enhance the shadow regions of an image no matter it is penumbrae or umbrae. Shadows are detected by comparing the retinexenhanced images with original images in the paper. The shadow removal algorithm in the paper deals with the shadow regions and non-shadow regions in the images separately using the retinex enhancement algorithm. Through adding smooth light forcibly to shadow edges and introducing shadow edge masks, the authors reduce the effects of shadow edges in shadow removal processing. Findings -Some real single outdoor images with the umbra regions and those with penumbra regions are both experimented in the paper. Experimental results validate the feasibility of the approach. Originality/value -The approach proposed here does not use any special prior knowledge and assumptions. The feasibility of this method is testified for detecting and removing both penumbrae and umbrae in the outdoor images.
Introduction
A shadow occurs when an object partially or totally occludes direct light from a source of illumination. The shadows can be divided into umbra and penumbra regions. Umbra is the part of the shadow where direct light is completely blocked by its object; penumbra is the part of the shadow where direct light is only partially blocked.
Shadows are one of the principal factors affecting computer vision performance in outdoor scenes (Jiang and Drew, 2003) . In image segmentation, the shadow boundaries may be confused with real object boundaries. In motion estimation, the computation of optical flow is susceptible to illumination changes caused by shadows. In supervision, for the influence of shadow, erroneous target may be tracked (Wang et al., 2004) . Identifying and removing shadows in image is of great practical significance in image segmentation, and object tracking and supervision, etc.
Technically, shadow detection and removal algorithms can be classified as property-and model-based. Model-based techniques need some prior knowledge, such as light and geometry (Knill et al., 1997) , camera calibration (Jiang and Drew, 2003) , or indoor scenes (Yang et al., 2006) . However, to obtain the accurate model for an arbitrary scene is extremely difficult because the light source and the environment are too complex and change from time to time, and from place to place. The requirements of the scene information in model-based methods make that they can only suit to particular situations applications, such as moving cast shadow detection (MartelBrisson and Zaccarin, 2005; Nadimi and Bhanu, 2004) and shadow detection in aerial images (Jian and Zhonefei, 2006) . Property-based techniques identify shadows by using shadow features. The most straightforward feature of a shadow is that it darkens the surface it cast on, and this feature is used by almost all methods. Other features like edge (Li et al., 2006; Salvador et al., 2001) , histograms (Finlayson et al., 2005) , texture (Leone and Distante, 2007) , geometry property (Salvador et al., 2004) , color ratios (Barnard and Finlayson, 2000) , and gradient The present work was supported by Natural Science Foundation of China (Grant Number: 60871078 and 60835004). (Ravi et al., 2007; Tappen et al., 2005) are also widely used. Compared with model-based approaches, property-based algorithms shows more robustness when the scene and illumination conditions change (Bevilacqua, 2006) .
According to the differentiation of the images dealt with, shadow detection and removal algorithms can be further classified into the algorithms for image sequences and for single images. Most of the current literatures focus on the shadows detection and removal from image sequences. In Leone and Distante (2007) , the paper presented shadow detection of moving objects in visual surveillance environment by evaluating the similarity between little textured patches. In Martel-Brisson and Zaccarin (2007) , the author used the Gaussian mixture model learning ability to build statistical models describing moving cast shadows on surfaces in video sequences. In Pinel and Nicolas (2002) , the author based on the estimation of the 2D position of the light source to analyze the shadows in natural video sequences. The methods mentioned above detected and removed the shadows by using the sufficient information in image sequences. These methods cannot be applied to single outdoor image.
Compared with the shadow detection and removal from image sequences, the shadow in single images are more difficult to deal with due to less information provided by the images. However, some researchers have sought many ways to solve the problem. In Gevers and Stokman (2000) , the author proposed a taxonomy of color invariant edges. The edge classifier is derived labeling color transitions into shadow, geometry or shading, highlight and material edges. In Nielsen and Madsen (2007b) , the paper introduced a new concept within shadow segmentation for usage in shadow removal and augmentation through construction of an alpha overlay shadow model. More recently, Finlayson et al. (2004) , and Graham et al. (2002) made a great step in removing cast shadows from single images. They derived a 1D illumination invariant shadow-free image, using the invariant image together with the original image to locate shadow edges (Finlayson et al., 2004) . The method can remove shading in umbra regions lit by the Planckian light and need camera calibration.
In the paper, we proposed a method to detect and remove both penumbrae and umbrae from single outdoor image based on retinex theory. This paper is organized as follows, in Section 2 the basic theory of retinex and Kimmel retinex algorithm are presented. Sections 3 and 4 introduce our method of shadow extraction and shadow removal separately followed by experimental results shown and discussed in Section 5. And finally, in Section 6, general conclusions of this work are presented.
Retinex and the variational framework

Retinex theory
The primary goal of the retinex proposed by Land is to decompose a given image I into two different images, the reflectance image R and the illumination image L, such that, at each point (x, y) in the image domain:
Sðx; yÞ ¼ Rðx; yÞ · Lðx; yÞ: ð1Þ
The conversion to the logarithmic domain by s ¼ logðSÞ, l ¼ logðLÞ, r ¼ logðRÞ, and thereby s ¼ l þ r. Since the illumination images represent the distribution of the lighting and shading, separating it from reflectance is useful to cancel out the effect of shadows. Land's theory could only remove the penumbrae in image since they were based on the following assumptions (Finlayson et al., 2004) :
.
Mondrian world model;
. spatially smooth illumination; and .
Lambertian surfaces.
Lambertian surfaces assumption is forcing that there is no specular reflectance in image. The Mondrian world and smooth illumination assumptions assume that there is a generally clear signal at each of the boundaries between objects whereas there are no sharp boundaries between shadows and the background.
The variational framework
Since the proposal of the retinex theory, J. McCann, Jobson et al. (1997) proposed and improved different retinex algorithms from different angles. In 2001, a variational model (Kimmel et al., 2003) was proposed for the retinex theory. Its variational framework is described as follows (Kimmel et al., 2003) :
where V is the support of the image, ›V is boundary, and k n is the normal to the boundary, and a and b are free nonnegative real parameters. In the formula, the first penalty term (j7lj 2 ) forces spatial smoothness on the illumination images. The second penalty term (l 2 s) 2 forces proximity between l and s. The third term forces the reflectance image to be spatially smooth.
Shadow detection based on retinex theory
The retinex is an image enhancement algorithm, which aims to correct uneven illumination in single image. Moreover, it can be applied to arbitrary images without any prior knowledge of camera calibration. As a result, it has become a popular tool in image preprocessing.
The retinex has strong correcting effects on penumbrae but weak effects on umbrae. Because of the shortcoming inheriting in retinex theory mentioned above, it is limited in practical applications. One solution is to mark the umbrae regions and then to remove them by other methods. Yet, it brings another problem of differentiating penumbrae from umbrae since they have many similar features except that umbrae's edges are sharper then those of penumbrae. There are no clear dividing lines between them. It is hard to judge how vague shadows retinex enhancement algorithm could deal with. And it is also difficult to tell how sharp the shadow should be in order to get good results for other umbrae-shadow-remove methods for the same reason. So, handling the two types of shadows by a same method will be a better solution. We present a method to extract penumbrae and umbrae from single outdoor image based on Kimmel retinex algorithm.
Penumbrae regions do not have strong edges; the illumination correction by Kimmel retinex algorithm can extend to the edge of the penumbrae edge. So, the different between the output image and the original image will pop out the whole penumbrae region. But, umbrae regions show relative sharp edges. It is hard for Kimmel retinex algorithm to span the edges of umbrae regions, so it fails to correct the umbrae region. Yet, because Kimmel retinex algorithm only compare the surround pixels with the center ones, the center of the umbrae region will be strongly brightened for the center retains the properties of shadows which are familiar with those of penumbrae regions, as shown in Figure 1 . Figure 1(a) is the original image; Figure 1(b) is the enhanced image by Kimmel retinex algorithm, inside the ellipse regions of which is strongly illuminated at the center though not brightened correctly at the boundaries.
Our approach is based on the comparison of the image enhanced by Kimmel retinex algorithm with the original image. A proposed algorithm mainly involves the following steps: 1 To enhance the original image by Kimmel retinex algorithm. In order to reduce the calculating complication, we map the input intensity s ¼ P i s i (in the case of three-channels s ¼ s red þ s green þ s blue ) to the output intensity rðr ¼ s 2 lÞ using formula (2) (Kimmel et al., 2003) . 2 To get the difference map Diff. Diff is gotten by subtracting the log form of the original input intensity from the log form of extracted image r, that is, Diff ¼ r 2 s. The shadow regions in Diff are highlighted. After deriving threshold T 1 , we could do the following clipping operation to obtain a binary vague shadow mask for further process:
PS(x,y) is the binary mask of the possible shadow. 3 To further confirm the shadow regions. The shadow regions sheltered from direct sunlight are of lower brightness, while they are of higher saturation because the earth's atmosphere scatters a certain number of short-wave dark black rays of sunlight, as shown in Figure 2 (Nielsen and Madsen, 2007a) , where the umbrae region is lighted mainly by short-wave dark black rays of sunlight, and the penumbra is partly by dark grey and light grey rays and more dark black rays. Hue saturation intensity color space is applied here in order to get the saturation S sat and the brightness S b of the original image. We use S sat and S b to justify the shadow regions gotten in Step 2. We set that: If S sat ðx; yÞ 2 S b ðx; yÞ S sat ðx; yÞ þ S b ðx; yÞ , T 2 then pixel (x, y) is not in shadow regions, otherwise it is. 4 To extend PS to the boundaries of the possible shadows. Since Kimmel retinex algorithm enhances the center of umbra regions, PS image may not include the whole shadow regions. Here, we use traditional region growing image segmentation method. The image enhancement algorithm may bring some noises to the output image, so the binary morphological erosion algorithm is applied to eliminate small points before the extension.
Shadow removal based on Kimmel retinex algorithm
Kimmel retinex algorithm contains a defect of dealing with shadow regions. Kimmel suggested that because illumination typically changes more gradually than does surface reflectance, the effect of a changing illumination could be removed by forces spatial smoothness on the illumination images. When there is umbrae in the original image, though the illumination inside of umbrae and non-umbrae regions changing smooth, it changes sharply near the boundaries of umbrae. The illumination in such images is piecewise smooth. But, the reconstruct illumination images gotten by Kimmel retinex algorithm are smoothed globally which suffers from artificial halos because the Kimmel retinex algorithm fails to reconstruct piecewise constant illumination. It is why the boundaries become wider and darker in the output image processed by Kimmel retinex algorithm. As shown in formula (2), the first penalty term (j7lj 2 ) forces spatial smoothness on the illumination images. j7lj 2 is the primary factor in determining the evaluating results of illumination in Kimmel retinex algorithm. However, j7lj 2 is high near the boundaries between the umbrae and nonumbrae regions which further deviates from the real pixel values. So, the pixels inside and outside shadow regions should be considered separately.
Choosing the shadow regions as example, the method presented here is of two steps as follows.
First, we add an artificial illumination on the outside of the boundaries V b to reduce the sharpness of shadow boundaries. Here, we utilize sigmoid function to synthesize the illumination, as shown in the following.
Formula (4) is a standard sigmoid function:
where K ¼ 1/3 and controls the steepness of the g-curve. Figure 3 shows the sigma models and its synthetic image. 
Also, in this framework, we assume that all the pixels along the shadow boundary and the regions added artificial illumination have the same reflectance on both sides. The method proceeds as follows: we reduce the effects by T ðj7lj 2 Þ, that is, the derivatives of l are decided by function T ðj7lj 2 Þ:
Summarizing formulae (4)-(6), the improved Kimmel retinex algorithm can be described as follows:
Then we deal with the non-shadow regions in the similar way. Combining the two output parts of the image, we can get the illumination constant image without shadows. Experimental results are given in Section 5.
Experimental results
Experimental details
We evaluate our method on some single outdoor images. The thresholds in our methods are set as follows. Supposing that s(i, j ) is the image pixel and m £ n is the size of the image, we simply set the threshold T 1 as follows:
Here, T 1 is experimentally decided. T 1 is to get the center of the shadow region, where the pixel values are high than the surroundings in the map Diff, so it is enough if the threshold T 1 can depart the center of the shadow region from the images. We give T 2 a very small value, since it is just the further confirm step. Here, we set T 2 as a small number, 0.05, pulsing the minimum pixel values of:
S sat ðx; yÞ 2 S b ðx; yÞ S sat ðx; yÞ þ S b ðx; yÞ :
The two parameters of the Kimmel retinex algorithm applied in the paper are set as a ¼ 0.0001, b ¼ 0.01.
Results and analysis
In this section, experimental results are shown in Figures 4-6 including umbra and penumbra regions. Each group is displayed by one line. The first column is the original image, the second one is the extracted shadow, the third one is the image in which the shadows are removed by our approach, and the last one is the output image only dealt with Kimmel retinex algorithm in order to compare with our approach. (h) show the advantage of our methods in dealing with the hard shadow edges. It can remove both umbra and penumbra regions in the images. Figure 5 shows that our method can process the shadows with penumbra regions as well as the Kimmel retinex algorithm. Besides, it can keep the texture of the images better because the non-shadow regions will not be influenced by shadow regions during the removal processing. The influence often causes the over-enhancement in nonshadow regions which will cause the disappearance of fine texture. Figure 6 is the results of detecting and removing the shadows on the uneven surfaces. We used evaluation metrics introduced in Tai 
Correctness:
. Accuracy:
Branching factor:
For detailed information about the metrics, please refer Tai-Pang and Chi-Keung (2005) . Figures 4-6 are tabulated in Table I . 
Conclusion and future work
The problem of extracting and removing shadows from single image is an ill-posed problem. In the paper, we describe the methods of shadow detection and removal from single outdoor image based on retinex theory. Unlike the previous methods, we do not make much assumption on shadows' properties. We utilized the difference between the images processed by retinex algorithm and the original ones to extract the center parts of the shadow in single image. The shadow removal method mentioned in the paper is to deal with the shadow regions and non-shadow regions in the images separately. Though there are still some problems bought by region growing method and the ways of choosing the thresholds, our methods showed good results in the shadow detection and removal from single outdoor image. It works well on both penumbrae and umbrae regions in the single outdoor images.
Our future research would focus on the segmentation methods for shadow edges, especially for the sharper edges. Moreover, self-adaptive thresholds might be applied to get better processing results in future. Notes: Experiment results showed that most of the tested images could have good response to the method (Here, "good" means correctness . 80 percent, accuracy . 85 percent, and branching factor , 5 percent)
